Dynamic network research has been a new trend in recent years. Based on the influence of vertex behavior on community structure, this paper studies signed network dynamic community mining. Firstly, the set pair connection degree is introduced to describe the relation between vertices, and the edge prediction model of signed network is proposed by taking into account the variability of the relation between vertices. Secondly, based on the prediction model, a set pair signed networks dynamic model is proposed by adding time axis T to the signed network. Then, based on the dynamic model, the evolution of signed networks and community discovering are studied. Finally, network evolution law and community stability are analyzed by using the connection trend and connection entropy in set pair theory, and the accuracy and validity of the dynamic community mining algorithm are verified by experiments.
This paper focuses on the influence on the change of the network community structure because of the possible changes of vertex behavior, when the number of vertices remains constant. The main contributions are as follows: (1) According to the characteristics of topological structure and signed attribute, based on the set pair theory, the connection degree between vertices is depicted by defining the identical-discrepancy-contrary relation between vertices. Then, the prediction method of the relation between vertices is given. (2) Based on this prediction method, dynamic network model with time axis T is established, that is SNT ={SN(1), SN (2) ,…, SN(T)}, and a new dynamic community mining method based on the signed network is proposed. ( 3) The communities are mining at each point of time. The change of individual and community structure is analyzed by a connection trend. The network is aggregated or decomposed. The changing trends of dynamic communities are explored and the stability and evolution state of the network community is analyzed by connection entropy. (4) The correctness of the community mining method and the rationality of set pair analysis are proven by experiments.
Related Work
According to the dynamic components in the network, the research of the dynamic community can be divided into two kinds. (1) The dynamic model based on vertex and edge, such as the classic BA model [11, 12] . (2) The dynamic model based on edge, such as the ER model [6] or WS model [22] . Currently, there is some research on the dynamic evolution of signed networks. These mainly focus on the extraction and superposition of multiple discrete network snapshots based on time slices, so as to realize the dynamic community evolution of signed networks [20] . For example, Wang [21] proposed a discrete time evolution model in signed networks based on Monte Carlo simulation. In the initial time, the model assigns a positive or negative sign to the edge randomly, and at every moment, the triangles are checked in turn to determine whether they are in a state of structural balance. For the unbalanced triangle, one edge is randomly selected, and its sign is changed. In addition to the above model, there are some other signed network dynamics modeling ideas, such as statistical physics modeling methods [18] . Radicchi [17] explores the similarity between unbalanced networks and an unstable spin glass model, and proves the feasibility of using energy spectrum, spin glass and instability [16] . Szell [19] proposed the STC (Signed Triadic Closure) model, which can simulate the dynamic evolution of different types of triangles in large-scale game networks. Malekzadeh [14] proposed a game theory model, which achieved more balanced triangles by setting the vertex adjustment strategy and found the signed network would eventually achieve balance regardless of any initial state. The evolution of dynamic communities in signed networks is still in the early stage of research. The main purposes are to explore the possible evolution model of the real system with signed attributes, to analyze the function of the corresponding mechanism, and to deepen the understanding of this system. Although the existing research has many limitations, they lay a foundation for further exploring the dynamic community and evolution mechanism.
Preliminary

Signed Network Model
Signed network, as shown in Figure 1 , is defined as a three-tuple SN= (V,E,Sign 
is the L-level neighbor set of vk. 
CN(vk,vs)L∩M=N(vk)L∩N(vs)M={vi|viN(vk)L∩viN(vs)M} is the insertion set between vk' L-level neighbor set N(vk)L and vs
' M-level neighbor set N(vs)M, short for the L∩M-common neighbor set. If L=M, then CN(vk,vs)L is the L-common neighbor set.
CN(vk,vs
Model of Connection Degree Between Vertices in Signed Networks
Set pair theory points out that any system both contain certain information (identical or contrary) and uncertain information (discrepancy). To some extent, the uncertain information can transform into certain information. Given two objects, they have N=|S+F+P| attributes. Where S is the number of the identical attributes, P is the number of the contrary attributes, and F is the number of the discrepancy attributes. Thus, in view of the characteristics of signed networks, based on the idea of identical-discrepancy-contrary, we propose the identical-discrepancy-contrary relation between vertices. F=|CN(vk,vs)1∩2|+|CN(vk,vs)2∩1|+|CN(vk,vs) 2|. Then, the connection degree between vertices is the sum of the ratio of the identical, discrepancy and contrary relation with weight to the total relation, that is
. Where (1)1×S, (1)1×F and (1)1×P respectively represent the row vector of the identical, discrepancy and contrary attributes. Each vector value is 1. vi represents some attribute relation between vk and vs. w(vi) is the weight value and is quantified by vertex degree d (vi) . Sign×i(vi) is the different value for vi, where Sign is the link's positive or negative, and is quantified by the weak balance theory. i(vi) is the probability of the discrepancy attribute vi turn to the identical or contrary and is quantified by the clustering coefficient. j=-1 is only an indicator.
Prediction and Addition of Edges
Based on the idea of connection degree, the discrepancy attributes can be converted into the identical or contrary attributes under certain conditions. Sign×i(vi) depicts how the vertex as a discrepancy attribute transforms into the identical or contrary attribute and its possibility. That is, the possible relation between vertices at the next moment is predicted. If the vi is converted to the identical or contrary attribute of vk and vs, then vi has the link with vk or vs, that is, the new edge is added to the network. New methods for predicting and adding new edges are as follows: (1) 
then the edge (vi,vk) and (vi,vs) are added. Similarly, if Pos(vk,vs)Neg(vk,vs), then Sign(vi,vs)=+1; else Sign(vi,vs)=-1.
Dynamic Community Mining of Signed Network
Relation Definition
Based on the prediction and addition of the edges, the relation between vertices at the next moment has also changed. In this prediction mechanism, when the network size is constant, the network structure will change as time goes on. Therefore, under the static network analysis, when the timeline T is added, the whole network is modelled as a snapshot with T discrete time points, that is SNT ={SN(1),
SN(2),…, SN(T)}. SN(1) is the initial network. SN(t) (t=2,…,T-1) is the network that adds predictive edges to SN(t-1). SN(T)
is the termination network, which is the stable network without predicted edges. Based on the above idea, the connection degree between vertices in time t is given, as shown in Equation (1).
, vkV, at the t moment, the connection degree of vk is the mean of connection degree between vk and the other vertices, that is (vk)t, as shown in Equation (2).
Definition 2. Given SN=(V,E,Sign), at the t moment, the connection degree of the whole network is the mean of all vertices' connection degree, that is (SN)t, as shown in Equation (3).
Definition 3. Given two communities CK=(VK,EK,SignK) and CS=(VS,ES,SignS), at the t moment, connection degree
between CK and CS is denoted as (CK,CS)t, as shown in Equation (4), where vkVK and vsVS.
Connection Trend and Entropy of Signed Network and Their Properties
In connection degree =a+bi+cj, based on the analysis of a, b and c, as well as the value of i and j, the situation change and the steady state of the whole network can be obtained by connection trend and connection entropy. Given connection degree =a+bi+cj, when c≠0, the ratio a/c is the connection trend in the given problem background, in which a is the identical degree and c is the contrary degree, that is Shi(H)=a/c. The connection trend reflects the degree of the identical-discrepancycontrary relation between two subjects. However, we need to ensure that the denominator is not zero. In order to extend its versatility, we extend a, b and c to the relative identical degree e a , the relative discrepancy degree e b and the relative contrary degree e c , respectively. The related definitions and properties are as follows. (5), where S S is the identical entropy, F S is the discrepancy entropy, and P S is the contrary entropy.
The stability of aggregation or fragmentation of signed networks can be measured by the connection entropy. In definition 6, it is necessary to ensure that the logarithm of the index is not zero. In order to extend its versatility, we extend a, b and c to the relative identical degree (1+a)/2, the relative discrepancy degree (1+b)/2 and the relative contrary degree (1+c)/2 respectively. Definition 6. Given the connection degree of all vertices (vk)t=a(vk)t+b(vk)ti+c(vk)tj, (k=2,…,N) , the connection entropy of the signed network is denoted as S(SN)t, as shown in Equation (6) .
Dynamic Community Mining Algorithm
For the opposite and unity relation in the signed network and the identical-discrepancy-contrary system of a set pair theory, a new dynamic community mining algorithm DCD for signed networks is proposed. In the process of community clustering, the level of communities is determined by the modularity of signed networks. As the standard to measure the quality of network partition, modularity function Q has been widely used. Algorithm DCD is shown in Algorithm 1, which is mainly divided into two steps. (1) . (2) Merge the independent communities and merge the vertices with the greatest connection degree into a community first, as shown in lines (2)- (8) . (3) The rest of the independent vertices in the second step are merged into the community that has the most connections with it, and then the ultimate initial community forms, as shown in lines (9)- (11). (4) The initial communities merge based on the connection degree between communities; small communities merge one by one until all vertices are merged into one community, as shown in lines (12) 
Experimental Results and Analysis
The experimental platform is an Intel Core Duo E7500 CPU@1.8GHz with 2GB memory. The algorithm is implemented in Java JDK 1.6, Eclipse 4.3 and Matlab R2008a. The experimental data consist of two real networks and two artificial networks. The real signed networks include the SPP (Slovene Parliamentary Parties) network [7] , as shown in Figure 2 (a), and GGS (Gahuku-Gama Subtribes) network [7] , as shown in Figure 3(a) . The artificial signed networks include the illustrative network A [7] , as shown in Figure 5 (a), and illustrative network B [7] , as shown in Figure 6 (a).
The main purpose of the experiments is to verify the rationality and correctness of the prediction method based on the set pair in signed network dynamic community mining. In the experiments, adding new edges to the network is divided into 2 cases, i(vi)>0, i(vi)Threshold. Therefore, this section introduces the evolution and dynamic community mining of signed networks in two cases. The correctness of community mining is verified by NMI, and the situation and stability of the network are analysed by set pair theory. The NMI of information theory is an index to evaluate the quality of community partition.
Dynamic Evolution Analysis when i(vi)>0
• SPP network
In the SPP network, there are 120 triangles, of which 105 are balanced triangles and 116 are weakly balanced triangles. The dynamic community mining information is shown in Table 1 . After only 1 round of evolution, the network has reached a stable state, and two communities have been obtained, namely (1, 3, 6, 8, 9) and (2, 4, 5, 7, 10), as shown in Figure 2 . We can see from Table 1 • GGS network
In the GGS network, there are 68 triangles, of which 59 are balance triangles and 66 are weak balance triangles. The dynamic community mining information is shown in Table 2 . The network evolution process is shown in Figure 3 . The dynamic community mining process is shown in Figure 4 . After 3 rounds evolution, the GGS network reaches a stable state and gets three communities, namely (1, 2, 15, 16) , (3, 4, 6, 7, 8, 11, 12) and (5, 9, 10, 13, 14) .
We can see from Table 2 , at the 1 t moment, (GGS)1=0.10319+0.07326i+0.04061j. a(GGS)1>b(GGS)1>c(GGS)1 shows that the network tends to be in a weak identical trend and will develop towards a tight convergence. But, the development is slowed.
a(GGS)1+b(GGS)1>c(GGS)1 and c(GGS)1=0.04061
shows that the network is in a close non-identical trend, and there exists an opposite relation. a(GGS)1>b(GGS)1+c(GGS)1 shows that the network belongs to a loose non-identical trend. b(GGS)1=0.07326 shows that there is strong uncertainty and new edges will be added to the network. The GGS network density is 0.48, the ratio of balance triangle is 10.53%, and the ratio of weak balance triangle is 11.79%. It shows that the network is in a very unbalanced state will continue to evolve, which is consistent with the calculation result of the connection degree. In the process of evolution, although the close identical trend is the main trend, the growth of a(GGS)t is slowed and c(GGS)t grows rapidly, which shows that the network has strong opposition and tends to split in a certain state. b(GGS)t continues to decrease until zero, which indicates that all uncertain relations in the network are transformed into certain relations. In the GGS network, the discrepancy mostly turns into the contrary, and it shows that there are strong opposing forces, which leads to the existence of the opposing community in the network.
The GGS network eventually evolves into a complete graph. The ratio of balanced triangle is 72.50%, the ratio of weak balanced triangle is 95.36%, and SS(SPP)tSP(SPP)t, which indicates that the network is in a stable state. Because of the existence of contrary trend and SS(SPP)t:SP(SPP)t=13:10, there exists the antagonistic communities in the network. Meanwhile, the community mining results are the same at different times of the evolution, indicating that the network is stable. (a) (b) (c) Figure 3 . (a) (1) GGS (b) (2) GGS (c) (1) GGS (b) community mining results of (2) GGS (c) community mining results of (3) 
GGS
• A network
In the A network, there are 0 triangles, of which there are 0 balance triangles and 0 weak balance triangles. The dynamic community mining information is shown in Table 3 . After only 1 round evolution, the A network has reached a stable state, and three communities have been obtained, namely (1, 2, 3, 10, 11, 12, 19, 21, 20, 28) , (8, 9, 17, 18, 26, 27 ) and (4, 5, 6, 7, 13, 14, 15, 16, 22, 23, 24, 25) , as shown in Figure 5 . We can see from Table 3 , at the 1 t moment, (A)1=0.05002+0.03609i+0. 00777j. a(A)1>b(A)1>c(A)1 shows that the network tends to be in a weak identical trend and will evolve toward tight convergence. a (A)1+b(A)1>c(A)1 and  c(A)1=0.00777≠0 shows that the network is in a close non-identical trend, and there is a weak opposition. b(A)1=0.03609 shows that there is uncertainty in the network. The A network density is 0.085, the ratio of balance triangle is 0%, and the ratio of weak balance triangle is 0%, which shows that the network is a sparse unbalance network. Since no triangles exist in the network, the clustering coefficient of each vertex is 0. The uncertainty of the network does not change, so the edges are not added and changed and it is relatively stable. Because of the existence of contrary trend and SS(A)1:SP(A)1=50:7, the network is in the stable state of the three opposing communities.
• B network
In the B network, there are 4 triangles, of which 4 are balance triangles and the 4 are weak balance triangles. The dynamic community mining information is shown in Table 4 . After 4 rounds evolution, the B network reaches a stable state and gets three communities, namely (1, 2, 3, 10, 11, 12, 19, 21, 20, 28) , (8, 9, 17, 18, 26, 27) and (4, 5, 6, 7, 13, 14, 15, 16, 22, 23, 24, 25) , as shown in Figure 6 . We can see from Table 4 , at the t1 moment, (A)1=0.04837+0.04092i+0.00947j. a(B)1>b(B)1>c(B)1 shows that the network tends to be in a weak identical trend and will develop to a tight convergence but the development is slow.
a(B)1+b(B)1>c(B)1 and c(B)1=0.00947≠0
shows that the network is in a close non-identical trend, and there exists an opposite relation. a(B)1>b(B)1+c(B)1 shows that the network belongs to a loose non-identical trend. b(B)1=0.04092 shows that there is a strong uncertainty and new edges will be added to the network. The B network density is 0.13, the ratio of balance triangle is 0.15%, and the ratio of weak balance triangle is 0.15%, which indicates that the network is in a very unbalanced state and the network will continue to evolve, which is consistent with the calculation result of the connection degree. In the process of evolution, although the close identical trend is the main trend, the growth of a(B)t is slow and the c(B)t is rapid, which shows that the network has a strong opposition and tends to split in a certain state. b(B)t continues to decrease until zero, indicating that all uncertain relations in the network are transformed into certain relations. In the B network, the discrepancy mostly turns into the contrary, and it also shows that there are strong opposing forces, which leads to the existence of the opposing community in the network.
The B network eventually evolves into a complete graph, the ratio of balance triangle is 58.91%, the ratio of weak balance triangle is 96.49%, and SS(B)tSP(B)t, indicating that the network is in a stable state. Because of the existence of contrary trend and SS(B)t:SP(B)t=7:6, there exists the antagonistic communities in the network. Meanwhile, the community mining results are the same at different times in the evolution, indicating that the network is stable in three communities.
Through the study of dynamic communities in four signed networks, the conclusions are as follows. (1) The network structure is obvious (positive edges within communities is density, and negative edges between communities is density), which makes the community structure relatively stable during the evolution of the network. (2) The density of the network is large, and the network evolution speed is fast. (3) The uncertainty of the network is small and the network evolution speed is fast. (4) There is no triangle relation in the network, which hinders the evolution of the network to a certain extent.
Dynamic Evolution Analysis when i(vi)Threshold
The number of network evolution is between 1 to 4 rounds, and soon no new edges are added and the network reaches the stable state. The analysis shows that the speed of the network evolution is determined by the speed of the addition of new edges, while the speed of new edges increase is determined by i(vi). In the evolution process, when i(vi), new edges are added. When the sign is not considered, i(vi) [0, 1] . What impact does i(vi) have on the evolution of the network? Therefore, the threshold is set. If i(vi)Threshold, then the new edges are added, otherwise they are not added. Then, the influence of i(vi) on network evolution is analysed from two aspects. (1) The influence on the evolution number and (2) The influence on the evolution result.
With the increase of Threshold, network evolution number shows normal distribution. That is, evolution number increases first, and then decreases, as shown in Figure 7 (a). When Threshold0, there is little impact on the evolution. When the Threshold value is too large, the network evolution number decreases or does not evolve. For example, when Threshold=0.6, the GGS and B networks will evolve. When Threshold=0.7, only the GGS network will evolve. When Threshold0.8, the networks will not evolve. Thus, the i(vi) is between 0.2 and 0.6, and the evolution number of the network is appropriate.
The connection degree of GGS and B network in evolution termination time is shown in Figure 7(b)-(c) . When the network can evolve into a complete graph, the discrepancy is 0. Then, the change of Threshold will not affect the network connection degree. That is, the ultimate evolution state of the network remains the same. When the network cannot evolve into a complete graph, with an increase of Threshold, the discrepancy increases, the identical and contrary decreases, and the network connection degree decrease. For a network with obvious community structure that cannot evolve into a complete graph, although the evolution state changes, the final network connection degree tends to be consistent. The analysis shows that network size, density and the balance triangle number have a direct influence on the evolution of the network. Meanwhile, as the network evolves, i(vi) changes, so it is not reasonable to set a fixed threshold. We set the mean of all vertices i(vi) as the threshold. Since the SPP network is a complete graph, and the i(vi) is 0 in the A network, the two networks have no evolution process. Next, the main analysis is the dynamic network evolution process of GGS and B when ( ) ( ) .To sum up, when the Threshold is () i iv , the evolution speed slows down. Because the Threshold is greater than zero, some networks cannot evolve into a complete graph, but eventually, the network can reach a stable state.
Conclusions
Based on the set pair theory, this paper studies the dynamic evolution and community mining in signed networks. Firstly, the signed network prediction model is presented based on the possibility that uncertainty between vertices is transformed into a certainty. Secondly, the time axis is added to the network and the dynamic model of the set pair signed network is given. Finally, the performance of network evolution and dynamic community mining is investigated by setting different thresholds. The experimental results show that the evolution law of network connection degree is consistent with the actual network evolution, and the stability of the community mining result is proven by evolution. The next research goal is to study the dynamic evolution and dynamic community mining method, mine more potential relation in the network, and better predict the developmental trend of the network.
